Abstract -In this study, the liquid-liquid equilibrium (LLE) data of systems containing ethyl linoleate/oleate/ palmitate/laurate, ethanol and glycerol at temperatures ranging from 323.15 to 353.15 K were used to evaluate the performance of the NRTL, UNIFAC, Cubic-Plus-Association Equation of State (CPA EoS), and artificial neural network (ANN) models. The systems evaluated correspond to the most important components formed at the end of the ethanolysis reaction of soybean, palm and coconut oils. The temperature range selected is very important for heterogeneous catalysts, especially for high-pressure systems. The accuracy of the models was evaluated by average global deviation. UNIFAC, UNIFAC-LLE and CPA EoS models showed lower accuracy with deviations of 10.1, 8.01 and 5.95%, respectively. In spite of this predictive limitation, these models show high extrapolation capability for the description of LLE behavior when few experimental data are available in the literature. The ANN model shows the best agreement between experimental and predicted data with an average deviation of 1.12%. In this regard, ANN is offered in this work as an alternative to equations of state and activity coefficient models to be used in a more reliable and less cumbersome way for process simulators of biodiesel production and separation equipment design.
INTRODUCTION
Fossil energy sources, such as gasoline, petroleum diesel, gas and coal, supply around 80% of global energy demand, while renewables and nuclear power account for only 13.5% and 6.5% of this demand, respectively (Asif and Muneer, 2007) . The problems associated with the supply and use of these huge amounts of fossil fuels are not only related to global warming, but also to other environmental factors, such as acid rain, destruction of the ozone layer,
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devastation of forests and air pollution (FollegattiRomero et al., 2012a) . Furthermore, some compounds obtained from burning fossil fuels, such as polycyclic aromatic hydrocarbons (PAHs), have been linked to some cancer incidences in large urban centers (Abrantes et al., 2009 ). The environmental impact and the finiteness of fossil energy sources have propelled the use of renewable alternatives, such as solar, wind, geothermal and biomass-based ones.
Biodiesel is a non-fossil, renewable, biodegradable, environmentally benign source of energy, with low toxicity, free of sulfur and aromatics. As an oxygenated fuel, biodiesel has a more complete combustion, reducing emissions from various pollutants, such as SO 2 , carbon monoxide, hydrocarbons and particulate material. Therefore, its use might minimizes the pollution of atmospheric air and the consequential environmental implications, such as the greenhouse effect, soil contamination and air acidification (Knothe et al., 2005) . Methanol has been the alcohol most commonly used to produce biodiesel. However, ethanol has received special attention in the last decade, since it is entirely derived from renewable agricultural sources, providing a reliable alternative for countries producing this alcohol in considerable quantities, such as Brazil does from sugar cane (Follegatti-Romero et al., 2012a , 2012b Meneghetti et al., 2006) . Furthermore, ethanolic biodiesel is carbon neutral, has a higher energy density, lower pour and cloud points (Follegatti-Romero et al., 2012b) and better storage properties than biodiesel produced from methanol. Ethylic biodiesel, a blend of fatty acid ethyl esters (FAEEs), is produced by the transesterification reaction of a vegetable oil with an excess of ethanol, in the presence of a catalyst to increase the reaction speed and yield (Meher et al., 2006) . Ethanolysis also produces glycerol as byproduct (Follegatti-Romero et al., 2012b) . The products formed correspond to a partially miscible system composed of an ester-rich phase and a glycerol-rich one in the top and bottom of the reactor, respectively, with the unreacted ethanol distributed between the two phases (Follegatti-Romero et al., 2012a) .
The knowledge of the product distribution between the phases in a broad range of thermodynamic conditions is required for the design and optimization of the reactor and separation units to increase the reaction rate, selectivity and yield of ethylic biodiesel production. Such improvements provide a higher quality product at a lower cost, increasing the industrial feasibility of the process and biodiesel acceptance among consumers. Hence, liquid-liquid equilibrium (LLE) data play a fundamental role in the kinetic studies of the transesterification reaction, as well as in research involving the optimization of the biodiesel purification steps in which the separation of glycerol, ethanol and ethyl esters is desired (Basso et al., 2012) . Despite the importance of this information, there are few published studies about LLE data for model systems containing fatty acid ethyl esters (FAEE), ethanol and glycerol measured at temperatures ranging from 323.15 to 353.15 K (Rocha et al., 2014; Mesquita et al., 2012; Carmo et al., 2014; Basso et al., 2012; Follegatti-Romero et al., 2012a) , as the results presented here. Besides, these systems, specially using ethyl linoleate/ oleate/ palmitate/ laurate, have been modeled using almost only the CPA EoS (FollegattiRomero et al., 2012a (FollegattiRomero et al., , 2012b Oliveira et al., 2010; Oliveira et al., 2009; Oliveira et al., 2008; Oliveira et al., 2007) .
There are several models for LLE data description. Some are based on empirical equations for the activity coefficients, such as Margules and Van Laar; others such as Wilson (1964) , NRTL (Renon and Prausnitz, 1968) and UNIQUAC (Abrams and Prausnitz, 1976) , use the local composition concept, and finally ASOG (Kojima and Tochigi, 1979) and UNIFAC (Fredenslund et al., 1975) , use the group contribution concept. Other approaches with a sound theoretical background are the association equations of state (EoS) such as the Statistical Associating Fluid Theory (SAFTEoS) (Barreau et al., 2010) , and the Cubic-Plus-Association (CPA EoS) (Follegatti-Romero et al., 2012a , 2012b Oliveira et al., 2010; Oliveira et al., 2009; Oliveira et al., 2008; Oliveira et al., 2007) . Although there are several works using artificial neural networks to predict vapor-liquid (Nguyen et al., 2007; Urata et al., 2002) and liquid-liquid (Ghanadzadeh et al., 2012; Gebreyohannes et al., 2013) equilibrium data, no prior investigation for systems related to ethylic biodiesel production and purification was found in the open literature.
This work aims to expand the available liquidliquid equilibrium data set of systems involved in the production of ethylic biodiesel and to evaluate the capacity of different theoretical models to correlate and predict the mentioned experimental data. Equilibrium data for systems of interest for the production/separation steps of ethylic biodiesel were experimentally determined at 333.15 and 343.15 K, in particular those containing ethyl linoleate/ethyl oleate/ ethyl palmitate/ethyl laurate + ethanol + glycerol. As already indicated, these model systems include the most important ethyl esters obtained by the ethanolysis reaction of soybean, palm and coconut oils.
MATERIALS AND METHODS

Chemicals
Ethyl palmitate (99.5%) and ethyl laurate (99.3%) used in this work were purchased from Tecnosyn (Cajamar/SP, Brazil). Ethyl linoleate (99.2%) and ethyl oleate (77.5%) were purchased from SigmaAldrich. Purities of all fatty acid ethyl esters were determined by gas chromatography. The technical grade ethyl oleate composition was already determined by Follegatti-Romero et al. (2012b) . The solvents used were anhydrous ethanol (99.9%) from Merck and tetrahydrofuran (THF) (99.8%) from Sigma-Aldrich. Glycerol (99.5%) was purchased from Merck.
LLE apparatus and procedures
The liquid-liquid equilibria data for the systems containing ethyl linoleate/ethyl oleate/ethyl palmitate/ ethyl laurate + ethanol + glycerol were determined at 333.15 and 343.15 ± 0.1 K. Tie lines were determined using glass test tubes with screw caps (32 and 10 mL). Known quantities of each component were weighed on an analytical balance with a precision of 0.0001 g (Precisa, model XT220A, Sweden) and added directly to the glass test tubes. The mixture of ethyl ester, ethanol and glycerol was maintained under intense agitation for 10 min at constant temperature and pressure using a test tube shaker (Phoenix, model AP 56). The ternary mixture was then left at rest for 24 h in a thermostatic water bath at the desired temperature, until two clear layers and a well-defined interface were formed when the systems reached the equilibrium state. The upper layer was the ester-rich phase (EP) and the lower one the glycerol-rich phase (GP). At the end of the experiment, samples were taken separately from the upper and bottom phases using syringes and diluted immediately with THF to guarantee an immediate dilution of the samples and avoid further separation at ambient temperature. The same procedure was described in a previous work by Follegatti-Romero et al. (2012a , 2012b was used.
Chromatographic analysis
The quantification of ethyl esters, ethanol and glycerol was carried out on a Shimadzu VP series HPLC equipped with two LC-10ADVP solvent delivery units for binary gradient elution, a model RID10A differential refractometer, an automatic injector with an injection volume of 20 µL, a model CTO-10ASVP column oven for precision temperature control even at sub-ambient temperatures, a single HPSEC Phenogel column (100 Å, 300 mm x 7.8 mm ID, 5 mm), a Phenogel column guard (30 mm x 4.6 mm), a model SCL-10AVP system controller and LC-Solution 2.1 software for remote management. Samples from the two phases were analyzed by high-performance liquid chromatography (HPLC). The quantitative determination was carried out using calibration curves (external calibration) obtained using standard solutions for each system component: ethyl esters, ethanol, and glycerol. These compounds were diluted with THF in the concentration range from 0.5 to 100 mg/mL. The experimental data for each tie-line were replicated at least three times and the values reported in the present work are the average ones. The mass fractions of ethyl esters, ethanol and glycerol were determined from the areas of the corresponding HPSEC chromatographic peaks, adjusted by the response factors obtained by previous calibration.
CALCULATION APPROACH
Data correlation
Distribution coefficients and the solvent selectivity were calculated according to Eqs. (1-3), respectively, using the experimental compositions of both phases.
(1) (2) (3) where K di is the distribution coefficient of the component i, w i is the mass fraction of the component i in the ester (EP) or glycerol (GP) phases, respectively, and S i/j stands for the solvent selectivity. The subscripts 5 and 6 correspond to ethanol and glycerol components, respectively.
The quality and reliability of the LLE data experimentally measured were evaluated according to the Othmer-Tobias correlation (Othmer and Tobias, 1942) : where w i EP is the mass fraction of FAEE (i = 1, 2, 3, and 4 for ethyl linoleate/oleate/palmitate/laurate, respectively) in the ester-rich phase (EP), and w 6 GP is the mass fraction of glycerol in the glycerol-rich phase (GP).
The validity of the equilibrium experiments was also evaluated according to the procedure developed by Marcilla et al. (1995) . The procedure is based on comparing the sum of the calculated mass in both liquid phases with the actual value for total mass used in the experiment, thus obtaining a relative deviation for each point of the overall mixture for each tie-line. In this approach, independent component balances can be done as given by Eq. (5): (5) where i represents each component of the system; M OC is the mass of the overall composition (initial mixture); M GP and M EP are the total masses of the glycerol-rich and ester-rich phases, respectively; w i OC is the mass fraction of the component i in the initial mixture; and w i GP and w i EP are the mass fractions of the component i, respectively, in the glycerol-rich and ester-rich phases. The relative average deviation for mass balance of each component i at each temperature is given by:
where n is the tie-line number and N is the total number of tie lines at each temperature.
Thermodynamic modeling
The procedure for the calculation of all models involves flash calculations of the composition of glycerol-rich (GP) and ester-rich (EP) phases from the midpoint composition of the experimental tie-lines. The average errors of the models were determined by the difference between experimental (exp) and calculated (calc) concentrations of glycerol-rich (GP) and ester-rich (EP) phases using the objective function (OF) expressed by:
According to the procedure above, comparisons between experimental and calculated compositions of each component in each of the two phases were made through the root mean square deviation (RMSD).
(8)
NRTL modeling
The LLE experimental data measured at 333.15 and 343.15 K in this work, and those measured at 323.15 and 353.15 K by Follegatti-Romero et al. (2012a) , were used to adjust all binary interaction parameters of the NRTL model, as described by Basso et al. (2013) , using an algorithm developed in FORTRAN programming language called TML-LLE 2.0. The NRTL model was originally developed by Renon and Prausnitz (1968) and is described by the following equations:
(9) (10) (11) (12) (13) where γ i is the activity coefficient of component i; x i is the mole fraction of the component i in the mixture; G ij is the NRTL parameter; τ ij and τ ji are the NRTL binary molecular energy interaction parameters; α ij is the NRTL non-randomness binary interaction parameter; T is the absolute temperature; A ij is the NRTL adjustable parameter; and i, j, k, are components of the systems.
UNIFAC modeling
The UNIFAC and UNIFAC-LLE models, both developed by Fredenslund et al. (1975) , were tested for the prediction of the experimental LLE data. The UNIFAC-LLE model was developed by Magnussen et al. (1981) , with updated binary interaction parameters for LLE systems maintaining the same set of equations. The thermodynamic modeling was carried out using the simulation software Aspen-Plus (Aspen Technology, Inc., USA). Structural molecular groups selected to represent the studied systems were "CH 3 ", "CH 2 ", "CH", "CH=CH", "CH 2 COO" and "OH". The group volume (R k ) and area (Q k ) parameters, as well as binary parameters (a ij and a ji ), used in the modeling were the same as the ones presented by Magnussen (1981) . The ternary diagrams were represented using mass fraction values predicted by the UNIFAC and UNIFAC-LLE models and compared with the experimental results.
Cubic-Plus-Association Equation of State (CPAEoS)
The CPAEoS takes into account specific interactions between like (self-association) and unlike (cross-association) molecules (Oliveira et al., 2007; Kontogeorgis et al., 2006) . It combines a physical contribution from a Cubic Equation of State, in this work the Soave-Redlich-Kwong (SRK), with an association term accounting for intermolecular hydrogen bonding and solvation effects (Michelsen and Hendriks, 2001 ) originally proposed by Wertheim for fluids with highly directed attractive forces and used in other association equations of state such as SAFT (Muller and Gubbins, 2001) .
For non-associating components (ethyl esters) the CPA EoS has only three pure component parameters, while the associating compounds (ethanol and glycerol) have five, considering two more parameters for the association term. For a binary system composed solely of self-associating compounds, the binary interaction parameter, k ji , is the only adjustable parameter from experimental data. In the case of solvation between self-associating and non-self-associating compounds the cross-associating volume, β ij , is added to the binary interaction parameter regression to the experimental data. As explained later, the CPA EoS is used in a total predictive way. This procedure was previously applied with success at 323.15 and 353.15 K by FollegattiRomero et al. (2012a) for the systems containing ethyl linoleate/ethyl oleate/ethyl palmitate/ethyl laurate + ethanol + glycerol. These prior results were generalized for the entire temperature dataset using an algorithm developed in FORTRAN programming language.
Artificial Neural Network (ANN)
The type of ANN used in this work was the backpropagation multilayer perceptron (BP-MLP) network, which is the most commonly algorithm used today to solve prediction problems. This type of network was selected because it is a good prediction, signal filter and data compressor. The role of the ANN is to transform the input information into the output one. During the training process, the weights are corrected so as to produce output values as close as possible to the desired (or target) values (Kruzlicova et al., 2009) . Its main advantages include a high modeling performance, being especially suited to nonlinear sensor responses, and the fact of being very much related to human pattern recognition. The propagation of the signal through the network is determined by the weights associated with the connections between the neurons, which represent the synaptic strengths in biological neurons. The goal of the training step is to correct the weights w ij so that they will give a correct output vector y (as close as possible to the known target vector y') for the input vector x from the training set. After the training process has been completed successfully, it is hoped that the network will give a correct prediction for any new object x n , not included in the training set (Kruzlicova et al., 2009 ). The hidden (x i ) and output (y i ) neuron activities are defined as follow: (14) ( 15) where f (υ i ) is the activation function applied in the hidden or output layers. In this study, the activation functions evaluated in the hidden and output layers were: linear function, logistic sigmoid function, hyperbolic tangent function and exponential function, which are described in Eqs. 16-19, respectively. (19) where e is the Euler's number (e ≈ 2.71828...), and υ i is the net signal, which corresponds to the sum of the weighted inputs from the previous layer given by: (20) where j = 1, ..., p concern neurons x j in the previous layer, which precede the given neuron i, w ij is the weight and b i is the bias (offset).
The bias is an extra input added to neurons, which allows a representation of phenomena having thresholds. Each neuron consists of a transfer function expressing the internal activation level. Output from a neuron is determined by transforming its input using a suitable transfer function, which can be linear or nonlinear depending on the network topology (Bahramparvar et al., 2013) . The ANN modeling was performed with the software MATLAB 7 (The MathWorksInc, Natick, MA, USA) using a BP-MLP network to predict LLE compositions (Pandharipande and Moharkar, 2012) . During training weighting functions for the inputs to each ANN were determined, such that the predicted outputs best matched the actual outputs from the dataset. Multiple ANN topologies were assayed, employing different numbers of hidden layers (1 and 2) and hidden neurons (5-40). The number of neurons in the hidden layer was obtained by trial and error. Input variables were chosen according to their logical influence on the equilibrium of the system. The number of input neurons was fixed as the number of input variables into the neural network. In this case 5 parameters are related to ethyl esters (the number of carbon and hydrogen atoms, the number of CH 2 and CH=CH functional groups and molecular weight), and 4 are related to the entire system (operating temperature and the overall composition of ethyl ester, ethanol and glycerol), totaling 9 input neurons. The output layer was made of 6 neurons corresponding to 6 possible compositions of ethyl ester, ethanol and glycerol in the glycerol-rich and ester-rich phases.
The original dataset was randomly divided into training set (70%), validation set (15%) and test set (15%) for all network topologies tested using the "dividerand" algorithm from MATLAB. Also tested was a hand-divided approach where samples for the training, validation and test sets were established manually maintaining the same proportion. This aims to evaluate the influence of the dataset on the fitting performance. The ANN modeling was also tested using normalized and non-normalized input datasets during the training process. The training set was used to calculate the transfer function parameters of the network and the test set was used to evaluate the network ability to correctly estimate the experimental data. An ideal network would predict all sets correctly. The aim of the neural network training is to minimize the objective function (Eq. 5) by changing the weights and offsets. The training step was finished when the OF converged and was less than 0.0001. If the OF did not converge, training was completed after 500 interactions. (Othmer and Tobias, 1942) , where A and B are the linear and angular coefficients of the straight-line expression, respectively. This correlation procedure has been extensively used in prior works found in the literature (Mesquita et al., 2012; Gonçalves et al., 2014) . The fitting parameters and the squared correlation coefficient (R 2 ) obtained from the linear regression for each ternary system at the selected temperature are presented in Table 2 . The values of R 2 higher than 0.978 were obtained for all data set measured in the present work, confirming their consistency. The validity of experimental data was also evaluated based on the total system mass and the phase and overall compositions, the mass balances being checked according to the procedure suggested by Marcilla et al. (1995) . Average deviations obtained for the mass balance of each set of experimental data are shown in Table 3 . In all cases, values were lower than 0.329%, indicating the good quality of the measured data.
RESULTS AND DISCUSSION
Experimental
The distribution coefficients of ethanol (K d5 ) and glycerol (K d6 ), as well as the selectivity (S 5/6 ) values are presented in Table 1 . These parameters help evaluate the performance of the first step of biodiesel purification, which is obtained by phase separation and decantation. In fact, they indicate how the alcohol used in excess and the glycerol by-product are distributed between the phases and the effect of the ethanol concentration upon the distribution of the components. The K d5 and K d6 values were calculated as the ratio of the ethanol and glycerol mass fractions in the ester-rich phase to the glycerol-rich phase, respectively. Distribution coefficient values were inferior to 1.0, showing, as expected, that the glycerolrich phase is richer in ethanol than the ester-rich one. The higher concentration of ethanol in the glycerolrich phase can be seen via the slope of tie-lines in the LLE diagrams exhibited in Figs. 1-4 , which show Steeper slopes were observed for systems containing ethyl esters with longer and more unsaturated carbon chains. This behavior has great influence on the separation and purification steps that are involved in the optimization of ethylic biodiesel production.
As expected, temperature significantly influenced the miscibility between ester-rich and glycerol-rich phases, such that an increase in temperature leads to an increase in solubility of glycerol in the ester-rich phase and vice-versa. Table 4 presents the binary interaction parameters (A(0) ij , A(0) ji , A(1) ij and A(1) ji ) and the non-randomness parameter (α ij ) of the NRTL model. These parameters were adjusted simultaneously for each system studied through the regression of the LLE experimental data of the ethyl linoleate/ oleate/ palmitate/ laurate + ethanol + glycerol systems at 323.15, 333.15, 343.15 and 353.15 K. The liquid-liquid equilibrium data at 323.15 and 353.15 K, also used in the present data correlation, were previously obtained by Follegatti-Romero et al. (2012a) , and are not presented in this work.
Thermodynamic modeling
The root mean square deviations (RMSD), whose percentage was used as a criterion to evaluate the correlation between experimental and predicted LLE data for all models, are given in Table 5 . The LLE data obtained by the NRTL model showed a great agreement with the experimental data, especially at low and medium concentrations of ethanol with an average global deviation of 1.85%. No previous results for those model systems have been published in the literature. Figs. 1 and 2 show the experimental and predicted liquid-liquid equilibrium phase compositions obtained by the NRTL model for the system containing ethyl linoleate at 343.15 K and for the system containing ethyl palmitate at 333.15 K, respectively. The results presented in this work are higher than those reported in the literature for similar systems (Mesquita et al., 2012; Basso et al., 2012; Basso et al., 2013; Rocha et al., 2014) . Mesquita et al. (2012) obtained RMSD values of 0.88, 0.96 and 0.84% for systems composed of cottonseed biodiesel, glycerol and ethanol at 293.15, 313.15 and 333.15 K, respectively. Rocha et al. (2014) investigated LLE data for ethylic palm oil biodiesel, glycerol and ethanol, achieving a very good agreement between experimental and predicted LLE data. They reported RMSD values of 0.172 and 0.184% for these systems at 298.15 and 323.15 K, respectively. The lower RMSD results of those authors are probably related to the fact that they only varied the operating temperature in the systems while fixing the three components used in the systems. On the other hand, the findings reported here were obtained by a simultaneous regression for all four model systems and four temperatures used, fixing NRTL binary parameters for the ethanol-glycerol pair resulting in less accurate results but increasing the predictive character of the model. The RMSD are higher in the case of both UNIFAC models: they vary from 7.55 to 12.9% for the original UNIFAC, followed by the UNIFAC-LLE model, whose values ranged from 4.72 to 10.8%. These results are in accordance with those obtained by Carmo et al. (2014) , who reviewed the performance of some thermodynamic models to predict LLE data of systems involved in methylic and ethylic biodiesel production/ Brazilian Journal of Chemical Engineering separation processes using binary parameters of Magnussen et al. (1981) . They obtained RMSD values around 5.87-12.6% for UNIFAC and 4.93-11.4% for UNIFAC-LLE. According to Carmo et al. (2014) , the cause of this high deviation may be related to the residual part of both models, which have a simplified term for dealing with thermal effects, becoming less accurate for a wide temperature range. The average global deviations obtained by the UNIFAC and UNIFAC-LLE models were 10.1 and 8.01%, respectively. It can be seen that UNIFAC (Figs. 3 and  4) and UNIFAC-LLE (Figs. 1 and 2 ) underestimated the ethanol mass fraction in the ester-rich phase. Likewise, the predictive models overestimated the ethanol mass fraction in the glycerol-rich phase, especially in the region near the plait point. However, this effect was more pronounced in the results obtained by the UNIFAC-LLE model. This phenomenon results in a more accentuated slope for the calculated tie-lines than the slope of the experimental tie-lines.
Brazilian Journal of Chemical Engineering
The CPA EoS has been widely used and with success for the description of the liquid-liquid equilibrium data of biodiesel multicomponent systems found in the literature (Follegatti-Romero et al., 2012a , 2012b Oliveira et al., 2008 Oliveira et al., , 2009 . As in these previous works, the CPA EoS was applied here as a completely predictive model. The CPA EoS pure compound parameters for several ester families, non-self-associating compounds, were proposed by Oliveira et al. (2010) where it was shown that the parameters a 0 , c 1 , and b follow a linear trend with the ester carbon number. In this way, the set of CPA pure compound parameters for the esters studied in this work were estimated from the ester carbon number correlations proposed in the literature (Oliveira et al., 2010) . The five pure compound parameters for ethanol, a self-associating component, were established earlier while performing a systematic study of the CPA pure compound parameters for the n-alcohol family from methanol to n-eicosanol (Oliveira et al., 2008) . The CPA parameters for glycerol, also able to self-associate, were previously determined as well considering a 3 × 2B scheme, and used for describing the phase equilibria of several glycerol-alcohol and glycerol-water systems (Oliveira et al., 2009) .
The temperature independent binary interaction and cross-association parameters used in this study were also computed by Oliveira et al. (2010) . These parameters were solely obtained from binary equilibria data: the k ij 's between ethyl esters and ethanol were obtained from a linear correlation with the ethyl ester carbon number and the β ij for these binaries was fixed to 0.1, established when correlating isothermal vapor-liquid equilibria data of ethanol + ester systems (Oliveira et al., 2010) ; fitting the mutual solubility data of the methyl dodecanoate + glycerol system, the k ij and the β ij values were determined and fixed to constant values to be used in any fatty acid ester + glycerol binary; for the ethanol + glycerol binary the corresponding k ij value was defined when correlating the corresponding vapor-liquid equilibria data (Oliveira et al., 2009) . It can be seen that this model underestimates the ethyl ester mass fraction in the glycerol-rich phase, while overestimating the ethyl ester mass composition in the ester-rich phase, especially in the region near the plait point. Nevertheless, it is relevant to remark that all the parameters used with the CPA EoS were established from carbon number correlations established earlier in the literature and/or from binary system phase equilibria data descriptions. No ternary experimental data were used, the parameters used being temperature independent and, for some cases, even independent of the carbon number of the ester constituting the system.
Artificial neural network modeling
A feed-forward artificial neural network model was used for modeling the liquid-liquid phase composition of the systems ethyl linoleate/ oleate/ palmitate/ laurate, ethanol and glycerol in the ester-rich phase and glycerol-rich phase, given, as input neurons, the number of carbon and hydrogen atoms, number of functional groups "CH 2 " and "CH=CH", molecular weight, temperature, and the overall compositions of the systems. Even though artificial neural network models have been widely used to predict vapor-liquid equilibrium (Nguyen et al., 2007; Urata et al., 2002) and liquid-liquid equilibrium data (Ghanadzadeh et al., 2012; Gebreyohannes et al., 2013 ) of many systems, there are no prior studies involving model systems related to ethylic biodiesel production and purification steps.
The ANN modeling was tested using normalized and non-normalized datasets at the input layer. Generally, better results were achieved for normalized results with an improvement of 7.1% in the global prediction capability. The optimized ANN consisted of 9 neurons in the input layer, 20 neurons in the hidden layer and 6 neurons in the output layer, with the arrangement of training, validation and test sets obtained manually. Weight and bias values for the input, hidden and output layers of the optimized network are presented in the Table 6 . This was achieved by applying a strategy based on assessing the parameters of the best fit of the validation agreement plots for the validation data set, as a measure of the predictive ability of the model. The validity of the model was evaluated through a test data set, which were not employed in the training of the network. The predicted values were compared with those of experimental values to evaluate the performance of the neural network method using the RMSD as criterion. The deviations obtained with the ANN were the lowest among the models studied, showing RMSD values ranging from 0.572 to 1.54% for ethyl laurate at 323.15 and 333.15 K, respectively. The LLE data predicted from the ANN model can be observed in Figs. 3 and 4 for the systems comprised of ethyl laurate at 343.15 and 333.15 K, respectively. ANN results achieved great agreement with the experimental data, with an average global deviation of 1.12%. However, the model is very extensive where 300 neuron weights and 26 offsets are adjusted for each connection between input, hidden and output layers. These results indicate that the ANN model can be reliably used to estimate the liquid-liquid equilibrium phase compositions of the systems within the ranges of temperature studied. But extrapolation to other operating conditions seems to be a difficult task. Furthermore, this study suggests that ANN models can be developed for a wide range of operating conditions related to liquid-liquid equilibrium data of homologous series of fatty esters and probably also for systems containing their mixtures (biodiesel). Sensitivity analysis indicates that overall compositions of ethanol, glycerol and ester, temperature and double bonds were the most important variables, showing scores of 44.3, 17.2, 8.47, 7.13 and 6.59, respectively.
CONCLUSIONS
The models that provided the best results were NRTL and ANN. Although NRTL represented more accurately the LLE data, this model is limited to the range of thermodynamic conditions used in the regression; therefore, it cannot be extrapolated to other operating conditions. The LLE data calculated from the ANN model also achieved good results; however, the model is very extensive. Hence, the extrapolation to other operating conditions is a difficult task. Indeed, ANN is offered in this work more as an alternative to equations of state and activity coefficient models to be used in a more reliably and less cumbersome way for process simulators and control. A larger dataset could provide a better adjustment and generalization with less hidden neurons and weights. Even though the UNIFAC and CPA EoS presented worse results, they are the most recommended for simulations of LLE data due to their higher predictive capability, being able to be applied to a wide range of thermodynamic conditions and components. Such an advantage probably makes the CPA EoS the most adequate model to be used for the description of phase equilibria of importance for the design and optimization of biodiesel production plants. Table 6 . Weight and bias values for input, hidden and output layers of the BP-MLP 9-20-6 network. 
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